Highly flexible proteins present a special challenge for structure determination because they are multistructured yet not disordered, and the resulting conformational ensembles are essential for understanding their function. Determining such ensembles is difficult because many measurements that capture multiple conformational populations provide only sparse data. A powerful opportunity exists to leverage molecular simulations to select which experiments will yield most efficient refinement.
Introduction
Conformationally flexible biomolecules play a critical role in immunity and infection, particularly in problems of flexible molecular recognition [1] [2] [3] . This flexibility is precisely the reason their conformational ensembles are difficult to refine and, thus, a structure -function relationship remains elusive. Determining the structures of conformations in equilibrium and how these structures interact with other proteins and substrates to carry out functions such as cellular uptake and colonization is a particular challenge and will almost certainly require multimodal or hybrid approaches. Because experimental techniques tend to either capture a small number of highly resolved states or a large number of under-determined states, a better method is required to select optimal experimental restraints and integrate these restraints to model the conformational ensemble. Here we outline the specific challenges involved in the structure determination of flexible systems and present a general method that leverages molecular dynamics (MD) simulations and information theory to guide double electron-electron resonance (DEER, also known as PELDOR) experiments and, subsequently, refine the conformational ensemble of the highly flexible Neisserial virulence-associated protein Opa 60 .
Refinement of conformational ensembles of flexible biomolecular systems is difficult because so many states contribute to the ensembles [4] [5] [6] [7] . Both experimental and computational techniques often fail to fully capture flexible ensembles at high resolution. High-resolution experimental methods, such as Xray crystallography, capture a few low-energy conformations and therefore lose information about the conformational diversity of the system. Conversely, spectroscopic techniques such as single-molecule FRET and DEER provide quantitative data about relative populations of different conformations but report on only a very small subset of atomic distances. Finally, MD simulations can model the behavior of these systems but often require prohibitively large amounts of sampling in order to yield a converged approximation of the free energy landscape.
Since DEER experiments yield sparse data, choosing which measurements to perform is a critical challenge. Exhaustive sampling is not feasible: for a protein of 100 amino acids, a DEER spectroscopist would in the most extreme case have to measure 5,000 residue-residue pairs. Random selection of pairs may succeed for rigid to moderately flexible proteins, but these approaches are less likely to succeed as protein flexibility increases because a poorly selected pair distinguishes much less well among flexible conformations than a well selected pair. As a result, spectroscopists must often perform more experiments than are strictly necessary in order to refine the conformational ensemble. In order to address this challenge, we have developed an iterative methodology that leverages MD simulations to inform DEER experiments in order to refine the conformational ensembles of flexible proteins requiring as few DEER measurements as possible. MD simulations [8] [9] [10] [11] [12] or Monte Carlo methods [13] [14] [15] [16] [17] [18] [19] are often used to help incorporate DEER measurements into structural refinement, but using simulations to guide selection of DEER experiments is a challenging task for which general approaches have not yet been developed. Early efforts at probe selection from MD simulations have relied on pre-existing highresolution structural and kinetic models and used retrospective testing 20 . Here, we develop a modelfree formulation that is much more general and perform prospective prediction and experimental testing to validate it. The method is robust and applicable to any experimental restraint such as those obtained with FRET and NMR-derived restraints (e.g. NOEs and PREs). We have used this methodology to model the conformational ensemble of the Neisserial virulenceassociated protein Opa 60 . Opacity associated (Opa) proteins bind to human carcinoembryonic antigenrelated cellular adhesion molecules (CEACAMs) triggering cellular uptake and mediating cellular invasion 21 . Opa 60 is a canonical eight-stranded β-barrel integral membrane protein with four extracellular loops ( Fig. 2-Supplement 1) that are dynamic on the nanosecond time scale and predominantly disordered 22 . The long ligand-binding loops have high sequence diversity 23 and are hypothesized to be flexible in both the unbound state and during CEACAM engagement, which aids in immune evasion 22 . Despite high mobility and high sequence diversity among Opa variants, the loops bind with high affinity to CEACAM1 24 . Fully understanding the nature of this molecular recognition event thus requires measuring the conformational ensembles of both unliganded and CEACAM-bound Opa 60 . To help understand this process of binding and subsequent invasion, we have determined the conformational ensemble of Opa 60 through DEER experiments directed by MD simulations. This model reveals previously uncharacterized loop-loop interaction modes and potential sites for CEACAM engagement. Our methodology is directly extensible to measuring conformational ensembles of flexible proteins such as those that mediate many host-pathogen interactions.
Figure 1:
An iterative experimental and computational approach for refining the conformational ensembles of flexible proteins. Analyzed DEER data are incorporated into our scheme as distance distributions. These distributions are used to drive restrained-ensemble MD simulations in which the simulation distance distribution is biased toward the experimental distribution. Analysis of the MD simulations yields a set of maximally informative, minimally redundant pairs. Incorporating these pairs, as opposed to a set chosen based on current practice in the field, into a subsequent round of MD simulations permits efficient refinement of the conformational ensemble.
Theory
Refining flexible conformational ensembles with pair-wise distance information involves three steps ( Fig. 1) : choosing pairs to measure, performing those measurements, and building a multi-conformation model using the resulting data. The primary challenge we address here is the selection of the pairs. We therefore provide a detailed discussion of DEER pair selection and then only briefly summarize the way in which we use DEER restraints to bias simulations. Selection of pairs: mRMR Algorithm. An ideal set of DEER pairs would have two properties: 1) each selected pair should resolve as many other distances in the system as possible and 2) each selected pair should resolve distances that are distinct from those determined by each of the other measured pairs. These criteria are optimally satisfied by selecting pairs using the information-theoretic criteria of maximum relevance and minimum redundancy (mRMR) 25 . We describe the algorithm as it applies to residue-residue pair selection below.
Typically, a conformation is represented as a 3N dimensional vector of atomic positions where N is the number of atoms. For selecting DEER pairs, however, a more natural choice of coordinate system is the set of distances between all possible residue-residue pairs. If the protein has n residues, there are (n 2 -n)/2 possible pairs, and we can define the following conformation variable:
where X i is the distance between the i th pair of residues. In order to determine the most informative pairs, we calculate the mutual information (MI) between a pair X i and the conformation variable C:
where P(x i , c) is the joint probability function of pair i and configuration c and P(x i ) and P(c) are the marginal probability distribution functions of pair i and configuration c, respectively. The second criterion for pair selection is statistical independence. Because pairs that are each highly informative but highly correlated provide redundant data about conformation, MI alone is not the best
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where N is the number of pairs to be selected and
As we show below, this yields a means to guide DEER experiments by identifying an optimal set of pairs from MD simulations in a model-free fashion. Incorporation of DEER data into a model: restrained-ensemble simulations. The incorporation of experimental data into MD simulations as Hamiltonian biases has been studied extensively 9, 27-31 . Here we have chosen to include DEER data into MD simulations using a modified version of Roux and Islam's restrained-ensemble methodology in order to incorporate the multi-modal distributions typical of flexible systems. The original method is designed to capture side-chain fluctuations in small, rigid systems. We therefore adapted it to accommodate the backbone motion of the Opa loops by having each ensemble member contain an independent representation of the protein backbone as opposed to a single common representation as in the original Roux method 9 . Simulation details, including a discussion of the Roux method and modifications, can be found in the Methods.
We have not treated spin label side-chain conformations explicitly because in flexible Opa proteins the distance differences resulting from different side-chain rotameric states are small compared to backbone rearrangements of the Opa loops. For systems where incorporation of the spin labels is desired, our method can be simply extended to include them explicitly at a greater, but still feasible, computational cost 32 .
Results
Selection and measurement of mRMR pairs. We assessed the success of mRMR-based refinement by computing optimal residue pairs to refine the conformational ensemble of Opa 60 , measuring those pairs experimentally, and incorporating the results into hybrid refinement. In general, it would be straightforward to calculate optimal pairs from a set of unrestrained MD simulations using mRMR. In this case, because a rough conformational ensemble of unliganded Opa 60 was already available based on NMRrestrained MD simulations 22 , we analyzed this dataset of approximately 2 µs aggregate simulation time to obtain a ranked list of highly informative Opa 60 pairs using the mRMR algorithm ( Fig 2-Supplement  2) .
The five highest-ranking pairs are shown on the Opa 60 structure in Fig 2c and differ substantially from pairs identified using MI alone (Fig 2b, Fig 2-Supplement 2) , those independently selected by spectroscopists using a typical triangulation strategy with at least one of the sites in the pair on a structured region of the protein 33 (referred to as spectroscopist-selected pairs; Fig 2d) , and pairs identified using ENM-based flexibility analysis (Fig 2-Supplement 3) . The top five scoring mRMR pairs span multiple biologically significant regions of the extracellular loops, namely the hypervariable and semivariable regions (Fig 2-Supplement 1) , denoted HV1, HV2, and SV, and the top ten pairs capture all possible combinations of these regions. By contrast, the top ten pairs identified using MI alone all span a single loop-loop pair, likely losing important information about the dynamics of the other loop. The pairs identified with an ENM span only a single loop-loop pair and likely perform more poorly than the MI pairs because in this case the ENM poorly captures loop flexibility measured via NMR relaxation timescales (Fig 2-Supplement 3) . The spectroscopist-selected pairs are primarily short barrel-loop distances. Although a naïve approach might be simply to select residues at the ends of the loops, the length of the loops permit distances too long to be measured via DEER, so spectroscopic best practice is to se-lect a somewhat more conservative set of pairs. The mRMR and MI-based selection, however, which utilizes MD simulations, could identify loop-loop pairs that remain within 55 Å and are thus good targets for DEER measurement. However, even had a spectroscopist decided to measure loop-loop distances, the chance of selecting a pair within the top 25% most informative pairs identified via mRMR would be only 7%, showing a strong advantage for the systematic selection methods developed here. In order to quantitatively compare mRMR-selected pairs and spectroscopist-selected pairs, we utilized information-theoretic metrics first to assess the conformational heterogeneity of each pair and then to assess the utility of each set of pairs in refining the conformational ensemble. In all pairs tested, mRMR-guided selection identifies more loop-loop (rather than loop-barrel) distances that show greater conformational heterogeneity and lead to improved subsequent refinement of the conformational ensemble ( Fig 3a) . All measured DEER spin-echo decays and processed distributions are given in Figure  3 -Supplement 1. Amongst the high-ranking mRMR pairs, the 88-162 distance distribution is extremely broad (entropy 4.71 nats), while the 31-166 distribution is more structured with two distinct modes (entropy 4.64 nats), indicating that the loops containing HV1 and HV2 may occupy distinct conformations with respect to each other. These differing distance distributions, although both high in entropy, immediately suggest structural hypotheses for loop-loop interaction as follows: the HV1 loop interacts nonspecifically with the HV2 loop whereas the multiple distinct peaks observed between the SV loop and the HV2 loop indicate multiple distinct interactions. Hybrid refinement of these pairs using DEER measurements further refines these interaction modes (discussed below and in In order to further evaluate the mRMR method of pair selection, we analyzed the dimensionality of the conformational ensembles from hybrid refinement using different DEER datasets. Given sufficient sampling, a better-refined conformational ensemble will have lower dimensionality, approaching the "true" ensemble in the lower limit. We therefore developed a quantitative measure for the dimensionality of a conformational ensemble in residue-residue distance space (see Methods). Because residueresidue distances are not completely independent, we lumped together highly related distance variables at different thresholds of relatedness (ε) and at each threshold calculated the number of independent distance variables required to describe the ensemble. At every information-theoretic-based threshold tested, hybrid simulations incorporating DEER measurements from high-ranking mRMR pairs refine the conformational ensemble to lower dimensionality than simulations incorporating measurements from spectroscopist-selected pairs (Fig. 5 ). This indicates that DEER data from mRMR pairs more efficiently refine the conformational ensemble than data from pairs selected according to current state of the art. To assess convergence of the conformational ensemble, we calculated the dimensionality of the conformational ensemble (a) at any information theoretic resolution ε (see Methods for details). Ensembles refined using high-mRMR pairs are of lower dimensionality than ensembles refined using spectroscopist-selected pairs (labeled SSP) by 20-25. Each refined ensemble was also evaluated by its ability to predict 8 residue pairs identified via mRMR after the first round of refinement and measured using DEER (b). Conformational ensembles refined using mRMR-selected pairs predict these new DEER distributions significantly better than conformational ensembles refined using spectroscopist-selected pairs (SSP) in seven of eight cases, quantified as inverse J-S divergences. Three of these DEER pairs were used for a second round of mRMR refinement; the resulting conformational ensemble out-performs both 1 st -round ensembles in predicting the five pairs not used for refinement. Error bars represent 90% confidence using 1000 bootstrap replicates.
mRMR-based refinement of the Opa 60 conformational ensemble yields a preliminary hypothesis for CEACAM engagement. We obtained a preliminary sampling of the Opa 60 conformational ensemble by incorporating five highly informative DEER-derived distributions of pairs identified by the mRMR algorithm into a second round of restrained-ensemble simulations. This model resolves previously unrefined loop-loop interaction modes and reveals potential sites for CEACAM engagement.
The refined conformational ensemble yields several sets of specific loop-loop interactions. To analyze these systematically, we identified the most abundant loop conformations in the structural ensemble by clustering PCA-transformed loop-loop contact maps ( Fig 6-Supplement 1) . Ten well-separated clusters were formed in the projected subspace. Strikingly, in the centroids of three of the four the most populated clusters (Fig 6) , HV1 interacts with HV2 or SV1. In all conformations, HV2 does not interact with SV. HV1 and HV2 loops interact with approximately twice the likelihood than that of SV and HV1 loops. In each of these cases, the third loop is extended and does not interact with the other two loops. Analysis of contact maps ( Opa 60 conformations recognized by CEACAM. HV1/HV2 chimeric Opa proteins have previously shown that specific HV1/HV2 combinations are required for CEACAM engagement 34 , leading to a model in which HV1 and HV2 together directly engage receptors. Our results on Opa conformations in the absence of CEACAM are compatible with this but also yield additional structural models for CEACAM binding. Two possibilities for CEACAM engagement exist: it could bind to one of the extended loops (SV or HV2), or it could bind to the combined surface formed by two interacting two loops (HV1/SV or HV1/HV2). Each of these possibilities are consistent with the structural data. The Opa extracellular loops have a surprisingly high number of hydrophobic residues for flexible sequences, which likely mediate loop-loop interactions and CEACAM engagement. Prior identification of two hydrophobic residues on CEACAM essential for Opa binding further supports engagement mediated by hydrophobic residues 34 . These new hypotheses generated by the experimentally-derived conformational ensemble can now be further tested with carefully designed binding experiments.
To determine whether CEACAM binds the SV-extended Opa conformation or the HV2-extended Opa conformation, we performed additional DEER experiments on labeled Opa proteins with and without bound CEACAM. The resulting data show substantial shifts in Opa loop-loop distance distributions upon CEACAM binding, consistent with conformational selection: a subset of the distances present in the apo protein increase, while others decrease (Fig 7a) . We analyzed this quantitatively by fitting the CEACAM-bound ensemble as a linear combination of conformational states identified in the apo ensemble. The results were striking: HV2-extended conformations dramatically increased to account for 75% of the bound ensemble, while SV2 and splayed-loop conformations decreased to account for 0% and 25% of the bound ensemble, respectively. Visual analysis of the structures supports this finding because the long HV1-HV2 distances unambiguously exclude an HV1-HV2 interface and thus the SVextended conformations. Indeed, the HV2-extended conformations show robust agreement with the 20% 15% 10% 10% increase in probability density at the 45-Å and 51-Å peaks in the CEACAM-bound distributions (Fig 7b) . By comparison, if we had measured the spectroscopist-selected pairs in the apo and CEACAM-bound forms, we would not have been able to differentiate SV-extended and HV2-extended conformations, since the distance distributions overlap in one pair (107-117) and the HV2-extended distances too short to measure via DEER in the other (77-107). Using these data to interpret the apo conformational ensemble, we find that HV2-extended conformations (Fig. 6 ) dramatically increased (accounting for 75% of the bound ensemble) while SV2 and splayed-loop populations decreased (0% and 25%, respectively). Rendering of an HV2-extended Opa conformation (b) makes the basis for this clear: the 45-Å distance between residues 28 and 159 and the 51-Å distance between 80 and 166 correspond to the major peaks in the DEER distributions collected for the Opa-CEACAM complex. Spinecho decays and fits are given in Figure 7 -Supplement 1.
These results, obtained after two rounds of mRMR-guided pair selection, would likely not have been obtained using current state-of-the-art pair selection methods. Indeed, mRMR-guided pair selection produces strikingly more informative results than spectroscopist-guided pair selection after just a single round of refinement. Analysis of the loop-loop contacts in first round of mRMR-guided refinement yields four structures, all of which show one loop protruding laterally ( Fig. 4-Supplement 2) ; the second round of mRMR-guided refinement better resolves the conformational heterogeneity among these extendedloop structural motifs. In contrast to the mRMR-guided refinement, refinement using comparator pairs predicted conformations with compact, closely interacting loops to have higher probability than those with splayed loops or a single laterally extended loop ( Fig. 4-Supplement 3 ). Since these conformational ensembles poorly predict the additional DEER distance measurements (Fig. 5) , they are incorrect and would have required further DEER measurements to yield similar hypotheses for the determinants of Opa-CEACAM binding. We have demonstrated a method for selecting label locations to obtain distance distributions that optimally refine the conformational ensembles of flexible proteins. Our method was developed and tested using DEER spectroscopy but applies equally well to other methods that can provide distance distributions between pairs of labels. The method was prospectively validated for refinement of Opa 60 Neisserial virulence-associated protein, and we are actively working to use it to refine bimolecular complexes in flexible molecular recognition such as occurs in the binding of CEACAM receptors by Opa 60 .
Conclusions
In the case of Opa60 engagement of CEACAM, we identified a set of loop conformations that account for the apo conformational ensemble. Further DEER measurements indicated a conformational selection event upon CEACAM binding, and we have shown that HV2-extended Opa conformations are the only ones consistent with the CEACAM-engaged complex. Previous mutational data showed that specific HV1/HV2 loop sequence combinations were required for CEACAM engagement. Our data suggest a new interpretation of these findings: we speculate that since HV1 and HV2 contact each other in a much higher proportion of unbound conformations than bound conformations, certain HV1/HV2 sequence combinations could overstablize unproductive conformations and thus interfere with binding. Neither this structural hypothesis nor the underlying identification of the Opa conformations recognized by CEACAM would have been possible without the use of the mRMR method.
High-resolution refinement of flexible proteins is anticipated to require several rounds of the procedure we have described. Indeed, one of the advantages of this procedure is that it can be initiated using undersampled MD trajectories in early rounds of refinement rather than requiring a well-converged computational estimate to begin. At each iteration, the mRMR algorithm identifies under-determined regions of the free energy landscape and specifically selects pairs that improve the hybrid estimator of the ensemble. In later rounds of the procedure, the MD trajectories will converge to the experimentallydetermined ensemble. Convergence is established when no additional refinement is required after mRMR prediction and measurement of a set of residue-residue pairs provides no new information compared to the current estimate of the conformational ensemble.
Our results demonstrate that current state-of-the art techniques for selecting spin-label sites for spectroscopic experiments are suboptimal and can be improved with our iterative methodology. The DEER-derived distributions of mRMR-selected pairs reveal critical information about conformational heterogeneity of flexible proteins and, when incorporated into simulations, are more efficiently matched by the MD ensemble. Finally, incorporation of the distributions of mRMR pairs leads to improved refinement of the conformational ensemble by reducing the effective dimensionality of the ensemble. Ultimately, the same information can be obtained about an ensemble with significantly fewer spectroscopic measurements.
Methods
Selection of residue pairs. Residue-residue pairs for DEER experiments were selected for the first round of refinement using mRMR on a set of 20x200ns Opa 60 MD simulations we have previously reported 22 as an initial estimate of the conformational ensemble. The second-round pairs were selected using the mRMR-restrained ensemble generated in the first round of refinement. In both rounds, a matrix of all Cα-Cα distances was calculated for each conformational snapshot at 500-ps intervals, and histogram distributions were computed using 1-Å bins. These histograms were normalized and used to calculate pair-configuration and pair-pair mutual information as given in the Theory section. An ordered list of highest-ranking mRMR Opa-Opa residue pairs was then generated using greedy mRMR selection 25 . Two sets of comparator pairs were also generated: a ranked list of Opa 60 residue-residue pairs based on pair-configuration MI alone and a set of top pairs independently selected by a DEER spectroscopist in a blind fashion. Code for mRMR selection of residues for DEER experiments is available from https://github.com/kassonlab/mRMR-DEER.
Expression, purification, spin-labeling, and refolding of Opa 60 proteins. Opa 60 expression, purification, and refolding were performed as described previously 22, 24, [35] [36] . The opa60 gene was sub-cloned into a pET28b vector (EMD chemicals, Gibbstown, NJ) containing N and C terminal His 6 -tags. Cysteine residues were introduced at regions of interest on Opa using PIPE Mutagenesis, and gene sequencing confirmed the mutations (Genewiz Inc., South Plainfield, NJ). The pET28b vectors containing a mutated opa60 gene were transformed into BL21(DE3) E. coli cells, and cultures were grown in Luria-Burtani (LB) media. Opa protein expression to inclusion bodies was induced with 1 mM isopropyl-β-thio-Dgalactoside (IPTG). Cells were harvested and resuspended in lysis buffer [50 mM Tris-HCl, pH 8.0, 150 mM NaCl, and 1 mM TCEP-HCl (tris(2-carboxyethyl)phosphine hydrochloride)]. Following cell lysis, insoluble fractions were pelleted and resuspended overnight with lysis buffer containing 8 M urea. Cell debris was removed via centrifugation and unfolded Opa proteins in the soluble fraction were purified using Co 2+ immobilized metal affinity chromatography, eluting in 20 mM sodium phosphate, pH 7.0, 150 mM NaCl, 680 mM imidazole, 8 M urea, and 1 mM TCEP. Purified Opa proteins were loaded on a PD-10 column (GE Healthcare Biosciences, Pittsburg, PA) to remove TCEP. Opa proteins were eluted with buffer (20 mM sodium phosphate, pH 7.0, 150 mM NaCl, and 8M urea) directly into five molar excess MTSL/R1 spin label [S-(2, 2, 5, 5-tetramethyl-2,5-dihydro-1H-pyrrol-3-yl)methyl methanesulfonothioate, Toronto Research Chemicals Inc., Toronto, Canada, stored as 100 mM stock in acetonitrile] for proteins containing a single cysteine and ten molar excess MTSL for Opa proteins with two cysteine residues. The proteins were spin labeled overnight at room temperature. Excess spin label was removed using a second PD-10 column, and the eluted protein was concentrated to approximately 150 -200 µM. The labeled proteins were rapidly diluted 20-fold into 20 mM Tris-HCl, pH 8.0, 500 mM NaCl, 3 M urea, and 4.6 mM n-dodecylphosphocholine (FC-12, Anatrace), upon which Opa proteins fold into the detergent micelles over the course of three days at room temperature 22, 36 . Folding efficiency was assessed with SDS-PAGE. Samples were dialyzed against 3 x 4L of 20 mM sodium phosphate, 150 mM NaCl for an hour each, removing any free spin. Opa proteins were concentrated to approximately 200 -400 µM.
Continuous wave EPR to evaluate Opa 60 spin labeling. Opa 60 spin labeling was assessed using an Xband Bruker EMX continuous wave spectrometer with an ER4123D dielectric resonator (Bruker Biospin, Billerica, MA) at room temperature ( Fig. 3-Supplement 2) . Five µL of each sample (100 -300 µM) was measured in Pyrex capillaries (0.6 mm id x 0.84 od, Vitrocom, Mountain Lakes, NJ). Spectra were baseline corrected and normalized using Lab-VIEW software generously provided by C. Altenbach (University of California at Los Angeles).
Double-electron electron resonance spectroscopy of Opa 60 micelles. Double-labeled Opa 60 proteins in detergent micelles were measured using pulsed EPR with a Q-band Bruker E580 Spectrometer fitted with an ER5106-QT Q-band Flexline Resonator (Bruker Biospin) at 80 K. All samples were prepared to a final protein concentration between approximately 100 and 200 µM with 10% deuterated glycerol. The samples were loaded into quartz capillaries with a 1.6 mm od x 1.1 mm id (Vitrocom) and flash frozen in liquid nitrogen. A four pulse DEER sequence was used with one 16 ns π/2, two 32 ns π observed pulses (at an observed frequency υ 1 ), and a π pump pulse (at a frequency υ 2 ) optimized at approximately 32 ns 37 . The pump frequency (υ 2 ) was set at the maximum of the nitroxide spectrum and the observed frequency (υ 1 ) is set to 75 MHz lower. Increasing inter-pulse delays at 16 ns increments were used with a 16-step phase cycle during data collection. Accumulation times were typically between 18 and 24 hours, with a dipolar evolution time between 2 and 3 µs. Dipolar evolution data were processed using DEERAnalysis2016 software using Tikhonov regularization to generate distance distributions 38 . Background subtraction of the distance distribution yielded error at each distance which was plotted as ranges representing fits that are within 15% root-mean-square-deviation of the best fit.
Molecular dynamics simulations. Simulations were performed using a modified version of Gromacs 5.2 available at https://github.com/kassonlab/reMD-gromacs-5.2 and the CHARMM36 forcefield [39] [40] . Simulations were run under NPT conditions using the velocity-rescaling thermostat 41 at 310 K with a 2-ps time constant and pressure maintained at 1 bar using the Parrinello-Rahman barostat with a 10-ps time constant. Covalent bonds were constrained using LINCS, and long-range electrostatics were treated using Particle Mesh Ewald 42 . System setup and equilibration details are given below.
Incorporation of experimental distributions into MD simulations. In order to compare the performance of mRMR-guided and spectroscopist-guided refinement, two sets of ensemble simulations were run, each using the equilibrated 20 structures as initial states. The first set incorporated the DEER distance distributions of the high-ranking mRMR pairs 31-166 and 88-162-for operational reasons, the top mRMR pairs were shifted to these nearby pairs that have similar MI and mRMR values ( Fig. 2-Supplement 4 )-while the second set incorporated the spectroscopist-selected pairs 77-107 and 107-117. A subsequent set of ensemble simulations were run by resampling snapshots from the mRMRguided ensemble and incorporating a second round of DEER-derived distributions. Restrainedensemble biasing potentials were applied to match MD distance histograms to DEER-derived distance distributions as previously developed by Roux 9 with modifications detailed below. Simulated distance distributions converged to match the experimental distributions by 50 ns as measured by Jensen-Shannon divergence. Scripts for running ensemble simulations can be found at https://github.com/kassonlab/RestrainedEnsemble. Setup and equilibration of MD simulations. The 20 lowest free-energy structures of Opa 60 previously identified 22 (PDB ID 2MAF) were selected as initial states. Each Opa 60 molecule was inserted into a membrane of 494 DMPC molecules as follows: the beta-barrel was aligned to previously embedded beta-barrel of a single structure from the Fox simulations 22 . The protein and membrane were energyminimized using the steepest-descent integrator for either 5000 steps or until the largest force was less than 1000 kJ/mol/nm 2 , whichever occurred first. Each system was solvated independently with approximately 300,000 TIP3P water molecules and ions were added to obtain a system with 150 mM NaCl and no net charge. The final systems were independently energy-minimized again using steepestdescent for 5000 steps or until the largest force was less than 1000 kJ/mol/nm 2 . Finally, a brief 5000 step equilibration was run using the NPT conditions described in the main text Methods.
Initial states for the second iteration of mRMR were obtained by resampling the mRMR-restrained ensemble simulations according to the joint distribution of the underlying DEER distributions (the individual distributions were assumed to be independent). The solvation, energy minimization, and initial equilibration protocols were identical to those of the ensembles described above.
Restrained-ensemble biasing potentials. Both DEER-derived and MD-derived distance distributions were smoothed with a Gaussian filter. The smoothing parameter σ was chosen to reflect the experimental uncertainty in the fine modes of the DEER-derived distance distributions, 2 Å for the highscoring mRMR pairs and 1 Å for the spectroscopist-selected pairs. Histograms were calculated using 1-Å bins.
Rather than updating the bias potential U bias at every MD step, distance data were collected for all ensemble members for a period of 100 ps followed by a U bias update. Additionally, a boxcar averaging filter was applied so that the simulation distance distributions were calculated using the last 10 ns of data for the first round of simulations and 25 ns for the second round of simulations. These modifications were implemented in order to obtain sufficient sampling for generating the MD distance distributions. Final distance distributions were calculated using the last 25 ns of data, while convergence monitoring using the Jensen-Shannon divergence was performed on a 10-ns window prior to the referenced time point. An initial spring constant K=10 kJ/mol/nm 2 was used for the first 40 ns in all three sets of simulations. After 40 ns, K was increased to 100 kJ/mol/nm 2 in the mRMR-guided simulations in order to reverse the increase in J-S divergence observed from approximately 30-40ns.
Information-theoretic clustering. The final trajectories of both the mRMR-restrained and controlrestrained ensembles were sampled at 0.5 ns intervals, and all Cα-Cα distances were calculated using the Gromacs toolset. Histograms of each Cα-Cα pair were constructed using 1-Å bins, and all pairwise mutual information values were calculated as:
Because closely related sets of pairs (high I(X C α 1 , X C α 2 )) contain redundant information, it is possible to obtain an approximation of the Opa 60 ensemble by knowing the distributions of only a subset of all Cα-Cα distances; that is, by grouping together sets of highly related pairs, one can obtain an approximation of the dimensionality ensemble. The quality of the approximation depends on how much information is lost by grouping together more and more diverse Cα-Cα pairs.
In order to quantitatively evaluate the dimensionality of the ensemble after incorporation of the mRMR or spectroscopist-selected pairs, we clustered closely related sets of Cα-Cα pairs using complete-linkage hierarchical clustering with an MI-based distance metric D(
is the joint entropy of the pairwise Cα-Cα distance distributions. The maximum cluster diameter after each clustering step may be thought of as a measure of resolution, or quality of the approximation; as the cluster diameter increases, information about the ensemble is lost as increasingly more independent Cα-Cα pairs are grouped together and considered redundant.
The information-theoretic resolution is reported in Fig. 5 as δ, or 1 -max(cluster diameter).
Analysis of loop conformations. Contact matrices were calculated for all inter-loop contacts in snapshots taken at 500-ps intervals using a distance cutoff of 6 Å. Principal components analysis was performed to obtain a new orthogonal basis set for loop-loop contacts; for restrained-ensemble simulations performed using mRMR-guided DEER data, all snapshots formed compact and well-separated clusters in the subspace formed by the first three principal components. These clusters and their corresponding centroids thus reflect the major contact modes between loops. This contact-matrix-based analysis was chosen because the loops are highly flexible, making the rigid-body alignment that underlies RMSDbased clustering less accurate.
Expression and purification of glycosylated N-terminal domain CEACAM1 proteins. An expression and purification protocol for glycosylated N-CEACAM1 proteins was adapted from previously published work 43 . A 250 mL suspension culture of HEK293S cells was transfected with the NCEACAM1-pGEn2 plasmid using polyethyleneimine (linear 25 kDa, Polysciences Inc., Warrington PA) as described previously 43 , where NCEACAM1 is the human ceacam1 gene encoding the N-terminal domain of CEACAM1 (residues 34-141). Cysteine residues were introduced into ceacam1 via site-directed mutagenesis and confirmed by sequencing. Glycosylated NCEACAM was produced over five days at 37 o C, after which cell debris was removed via centrifugation (20 min, 150 x g, 4 o C).
Glycosylated NCEACAM1 was purified from the supernatant via Co 2+ immobilized metal affinity chromatography (IMAC), eluting in ten column volumes of elution buffer (25 mM HEPES, 300 mM NaCl, 680 mM imidazole, pH 7.0) at 4 o C. The eluent was dialyzed into 4L of 25 mM HEPES, 300 mM NaCl, 10% glycerol, pH 7.0 containing approximately 3.5 µM tobacco etch virus (TEV) protease and endoglycosidase F1 (EndoF1). Excess GFP was removed using Co 2+ IMAC, and the flow-through containing CEACAM was collected. NCEACAM1 was further purified from GFP, TEV, and EndoF1 using a HR Sephacryl S-200 Gel Filtration column (GE Healthcare) equilibrated with 20 mM HEPES, pH 7.0, 150 mM NaCl, and 10% glycerol. Opa and CEACAM samples were concentrated to approximately 200 µM and mixed at a 2:1 CEACAM:Opa molar ratio. Samples were incubated for 30 minutes with gentle nutation at room temperature prior to adding 10% deuterated glycerol and flash freezing. 
subject to the constraints , , ≥ 0 + + = 1. The best approximation for the bound conformational ensemble is therefore the set of conformations defined by re-weighting the apo ensembles by the parameters α, β, γ. Loop-loop contact modes identified by first-round refinement using mRMR-selected DEER pairs. Principal components analysis was performed on loop-loop contact matrices from restrained-ensemble simulations of mRMR-selected residue pairs. The first four principal components, which account for 25% of the total variance, are rendered in panel (a); the first three of these separate restrained-ensemble snapshots into four non-overlapping clusters (b). The centroids of these clusters are rendered in panel (c), showing different loop-loop contact modes. Strikingly, the HV2 loop (red) protrudes laterally in all of these structures, while the SV and HV1 form multiple distinct sets of contacts. As above, hydrophobic residues are rendered as spheres and loops are colored with HV2 in red, HV1 in light green, and SV in tan, respectively.
Figure 4 -Supplement 3.
Loop-loop contact modes identified by first-round refinement of spectroscopist-selected DEER pairs. Principal components analysis was performed on loop-loop contact matrices from restrained-ensemble simulations of spectroscopist-selected residue pairs. The first four principal components, which account for 25% of the total variance, are rendered in panel (a), and snapshots are plotted in a projection onto the first three principal components in panel (b). The centroids of these clusters are rendered in panel (c); in contrast to the mRMR-based refinement, these centroids primarily identify structures with all loops closely interacting and only two with the HV2 loop extended, thus requiring additional DEER pairs to yield a clear structural hypothesis regarding receptor recognition by Opa 60 . As above, hydrophobic residues are rendered as spheres and loops are colored with HV2 in red, HV1 in light green, and SV in tan, respectively. The first three of principal components separate restrained-ensemble snapshots into ten wellseparated clusters, rendered in different colors (a). Average contact maps for each of the three conformational states formed by these ten clusters are shown in (b). The centroids, rendered in (c), clearly show three types of loop-loop interactions: 40% of the conformational ensemble, represented by four leftmost cluster centroids, show HV1 (green) and HV2 (red) in contact, while the SV (tan) region is extended. 20% of the conformational ensemble shows the HV2 loop extended with contacts between HV1 and SV. The remainder of the ensemble is conformationally heterogeneous. 
